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Abstract. To consistently compare gesture recognizers under identical
conditions, a systematic procedure for comparative testing should inves-
tigate how the number of templates, the number of sampling points, the
number of fingers, and their configuration with other hand parameters
such as hand joints, palm, and fingertips impact performance. This paper
defines a systematic procedure for comparing recognizers using a series of
test definitions, i.e. an ordered list of test cases with controlled variables
common to all test cases. For each test case, its accuracy is measured
by the recognition rate and its responsiveness by the execution time.
This procedure is applied to six state-of-the-art template-based gesture
recognizers on SHREC2019, a gesture dataset that contains simple and
complex hand gestures tested and is widely used in the literature for com-
petition in a user-independent scenario, and on JACKKNIFE-LM, another
challenging dataset. The results of the procedure identify the configura-
tions in which each recognizer is the most accurate or the fastest.

Keywords: Gestural interaction - gesture recognizer - hand gesture
recognition - real-time recognition - template matching.

1 Introduction

Miniaturized sensors are today incorporated into almost any everyday object or
wearable object, such as smart watches and smart glasses, offering new sources
of input for new forms of interaction [3]. Touchless user interfaces allow end users
to view, control and manipulate any type of digital content [18], such as an ob-
ject, an item, a scene, without physically touching the device, with fingers [7],
hands [1,34]. They are explored in a wide range of demanding contexts of use
to the point where touchless interaction becomes a requirement. A comparative
study is a research approach to evaluate a group of two or more instances of
a tool, process, or software system. It relies on a framework to compare differ-
ent systems that must be described in detail [17]. Tt is a test that differs from
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benchmarking, which evaluates performance against standard values on a group
of metrics. While a significant body of knowledge exists for gesture recognition
using sophisticated Machine Learning (ML) techniques, this article focuses on
the family of template matching recognizers, which recognize a candidate gesture
that matches a gesture class represented by a limited set of training templates.
We consider this family of recognizers for their important properties [19]:

1. End users wish to interact by gesture in real time with their associated
data with a discrete or continuous control. This interaction requires a low
response time (e.g., 0.1 s according to Nielsen [21]) and high accuracy (e.g.,
a recognition rate of > 90% [20, 31]).

2. For designers, gesture vocabularies should be straightforward to design, to
prototype [4], to edit, and to expand, particularly for user-defined gestures [32].

3. For a developer, these recognizers do not require extensive expertise in artifi-
cial intelligence as they are easy to train, modify, understand, compute, and
interpret, [6]. Their incorporation into a development cycle is clear. Pattern
matching based on templates is widely used in system development [6].

The remainder of this paper is structured as follows: an introduction addresses
the topic of existing surveys and other comparative testing focusing on the Leap
Motion Controller (LMC). Section 3 presents some related works of comparative
studies. Section 4 defines and applies the systematic procedure for comparative
testing. Section 5 discusses the results. Finally, the document concludes with
future research efforts and perspectives.

2 Related Work

Much work has been done on gesture recognition and particularly during the
last decades, mainly on algorithms to effectively and efficiently recognize 2D
gestures [5,11,28,26] (see [18] for a survey), then 3D gestures in general [33]
and for LMC in particular [14], mainly inspired by Artificial Intelligence (AI),
Machine Learning (ML) [14] and computer vision [8, 23].

At the same time, many comparative studies were carried out in gesture
recognition and related fields. The comparative study of Khan et al. [16] con-
cerns various vision-based hand gesture recognition systems based on three main
characteristics: segmentation, detection of features, and extraction phases. While
another comparative study evaluates the effectiveness of a proposed feature selec-
tor method by comparing it with three other methods based on four performance
measures and the prediction time; in order to demonstrate the impact of the fea-
ture selector on the performance of data fusion in activity recognition [30]. A
comparative study between different devices to evaluate them in a game design
context [15]. Despite the presence of numerous comparative testing for gesture
recognition and related topics, there are none for hand gesture recognition using
an LMC. Ferrer et al. [13] made a comparative study of a number of features for
predicting human motion based on the minimum curvature variance. Although
there are many comparative trials for gesture recognition and related topics,
there are none for hand gesture recognition using the LMC.
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3 Evaluation

The comparative testing performed in this paper aims at filling this gap in
the literature. As such, we selected two available datasets for a number of rea-
sons, including reproducibility. We evaluated the described recognizers in a user-
independent scenario. We tested them on full hand gestures provided by the LMC
skeletal hand model (Figure 1a) to show the efficiency of these recognizers.

Index Middle

Ring
Finger Tip
Pinky
Thumb

1(P) 2(P+1) 2(T+1) 2(1+M)
0 8 " W
3(P+1+M) 3(T+1+M) 5 (AF) 6 (P + AF)
(a) LMC Hand model[12] (b) The hand joints selected for the testing.

Fig. 1: Overview of the LMC Hand model and joints
3.1 Experiment

Design. Our evaluation was within factors with five independent variables:

1. RECOGNIZER: nominal variable with 6 conditions, representing the various
recognizers implemented for recognizing 3D gestures $P3+ [22], $F'[22], Jack-
knife[25] and 3Cent[10]. And the two new recognizers which are described
in Appendix A: $P3 + X and PennyPincher3D.

2. DATASET: nominal variable with 2 condition, representing the datasets con-
sidered, i.e. SHREC2019 [9] and Jackknife-LM [25] described in Appendix B.

3. JoinTs: Nominal variable with 8 conditions, representing the hand joints
used. Since the fingers contain several joints, we decided to use the infor-
mation provided by the tips of the fingers (Figure 1b): ?1(P)” = {Palm},
?2(P+I)” = {Palm, Index}, ”2(T+I)”={Thumb, Index}, ”2(I+M)” =
{Index, Middle} , ”3(P+I4+M)” ={Palm, Index, Middle} , ”3(T+I+M)”
={Thumb, Index, Middle}, ”5(AF)” = {Thumb, Index, Middle, Ring, Pinky}
, 76(P4+AF)” = {Palm, Thumb, Index, Middle, Ring, Pinky}.

4. NUMBER OF TEMPLATES: numerical variable with 5 conditions, representing
the number of templates per gesture for training: 7={1,2,4,8,16}.

5. SAMPLING: numerical variable with 5 values representing the number of
points per gesture: N={4, 8,16, 32, 64}.

Apparatus. We used a hexa-core Intel Core i7 2.20 GHz CPU and a Windows
10 Home Edition operating system. The RAM was 16 GB DDR4 memory with
2400 MHz.
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3.2 Procedure and Measures

We compute the recognition rate (computed as the ratio of positive recognitions
divided by the total number of trials) for the 6 (RECOGNIZER) X 2 (DATASET)
= 12 basic configurations following the typical method used in the literature to
evaluate gesture recognizers [4, 5, 32,29, 28,2, 22]: the user-independent scenario
evaluates the recognition on gestures produced by users who are different from
those used for training the recognizer. In this scenario, the basic configurations
are refined depending on A, the number of joints, on T', the number of templates
and depending on N, the number of resampling points to train the recognizer.
A template is randomly selected for each gesture class from all participants
and saved for testing. Then, a training set is obtained by randomly choosing T’
templates for each gesture class for all remaining users. They should be different
from the templates previously selected for testing. Then, the recognizer is trained
on the resulting training set. This operation is repeated R=100 times for each
template of the T set.

4 Results and Discussion

Overall, we performed 2 (DATASET) x 8 (JOINTS) x 5 (SAMPLING) x 5 (NUMBER
OF TEMPLATES) x 100 (repetitions) x 6 (RECOGNIZER) = 240,000 recognition
trials for each dataset. In the end, the number of recognized gestures is averaged
to get the recognition rate and formatted as a percentage. We use GraphPad
Prism to perform statistical computations.

4.1 SHREC2019 Dataset

Overall Recognition Rate. Figure 2 shows the average recognition rate for
all tests under all conditions, with the recognizers displayed in descending order.
The $P3+ has the best average recognition rate (M =85.90%, SD=15.44%), fol-
lowed by $P? + X and Jackknife with, respectively (M=84.90%, SD=16.45%)
and (M=82.11%, SD=14.06%), while the average value of the recognition rate

$P3s $P3ax JackKnife  PennyPincher3D ~ 3Cent SF
L 1L 1L 1L L
1t b 1t b

X k1
@
5 885
5 235
55

Recognition rate [%]

sp3:  spdix Jackknife PennyPincher 3Cent SF

30
Recognizers

Fig. 2: Recognition rates of all recognizers for the SHREC2019 for all
conditions. Error bars show a confidence interval of 95%.
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of PennyPincher3D is equal to (M=80.02%, SD=12.38%), for the last two rec-
ognizers, the average rates do not exceed 80% with 3Cent (M=78.09%, SD =
18.12%) and $F(M=77.36%, SD=19.27%). We calculated the four normality
tests for the RECOGNIZER variable: K sample’s Anderson-Darling test, D’Agostino’s
K2 test and Kolmogorov-Smirnov’s KS. None of the recognition rates followed a
normal distribution, while for the Shapiro-Wilk test, the number of samples was
too large to test for normality. Next, we calculated a Kruskal-Wallis test with
Dunn’s multiple comparisons on the measures. The overall difference between the
recognizers is very significant (p<.001***). Figure 2 shows that $P3+ is the most
accurate Recognizer, and it significantly outclasses all other recognizers. $P3+ is
better than $F with a highly significant difference (Z=48.84, p<.001***) and sig-
nificantly better than Jackknife (Z=27.86, p<.001***). Also, $P3+ significantly
outperforms $P3+ X (Z=5.247, p<.001***). However, $F is not significantly dif-
ferent from 3Cent (Z=1.928, n.s.), while this later is significantly outperformed
by PennnyPincher3D (Z=3.055,p<.05%).

Furthermore, the overall recognition rate per gesture class indicates that the
gestures “Caret” (/\) and “V-mark” (V) have average rates greater than or equal
to 90%. Similarly to the average recognition rates of the other classes, they vary
from one recognizer to another. While the ”Cross” (X) is better recognized than
the ”Square” ([]) and the ”Circle” (O) by the $F, $P3+ and $P>+ X recognizers.
The best average recognition rate for ”Cross” (X) gesture class is achieved by
Jackknife (M=93.98%); this value goes down respectively to (M=83.35%) for
$P3+ and to (M=67.75%) for $F with a difference of 10.53% and 26.45%. For
Jackknife and PennyPincher3D, the “Square” ([])) and “Cross” (X) classes have
similar average recognition rates. On the contrary, the gesture class “Circle”
(O) has a very low average recognition rate for Jackknife (M=34.43%), Pen-
nyPincher8D (M=21.91%) and 3Cent (M=46.50%). Detailed recognition rate
tables of each condition are reproduced in Appendix C.2. A color-coding scheme
reveals to what extent the recognition rate satisfies the rate expected by end
users: 7>90% [20, 31]. Some recognizers hold few or almost no green cells, such
as PennyPincher3D, 3Cent and $F, whereas $P3+ and $P2 + X have frequent
green cells, indicating that many conditions tested gave high recognition rates.
Since the goal is to perform a comparative test of recognizers in the SHREC2019
dataset, we refined the results by relaxing the aforementioned constraint: 7>80%.

Recognition Rates by Number of Joints. Figure 3 shows the average recog-
nition rates for each value of condition JOINTS (A). Each recognition rate is
the average of the recognition rates of all conditions (T) and (N). The values
vary between M=75.5% for $F in A = 2 (I + M) and M=87.04% for $P3+
in A =3(P+1+T). In general, the recognition rates do not vary much
from one value of (A) to another. We see that $P3+ has the highest average
recognition rate for A =3 : (P+1+T) (M=87.04%) and $F the lowest for
A=2:(M+I) (M=75.58%). Although, there are some conditions A = 2(I+M)
and A = 3 (P +1+T), where the average rate of $P3 + X exceeds that of $P3+
(e A=2(I+ M) and A=3(P+ I+ M)). Similarly, for some values of (A),
3Cent has lower recognition rates than $F (e.g. A=1(P)and A=2 (T +1I)).



6 M. Ousmer et al.

90

86.97 87.04

86.66

S
2
[
c
p=l
c
j=2]
o
(8]
g 9.8 o 80.6 9.5
[ 79.15 8 79.82 - 80.01 o8
79.3 =
78.15
o -
77.14 - 76.99 -
75.58 7621 76.34
75 -
~ T T T T T T T T
1(P) 2(1+ M) 2(P+1) 2(T+1) 3(P+I+M) 3P +1+T) 5 (AF) 6 (P +AF)
Number of Articulations [A]
o+ 5p3+ - SF PennyPincher3D 2¢ $P3+x 3Cent 9 Jackknife

Fig. 3: Recognition rates of all recognizers for the SHREC2019 dataset [9], the
plot shows average rates by joint A = {1 (P),...,6 (P + AF)}.

As a way to help understand the behavior of the recognizer with respect
to both the number of points as well as the number of joints. Figure 11 in Ap-
pendix C.4 is an overview of recognizers ranked by recognition rate. This ranking
is presented along two axes, the number of joints (A) and the number of sam-
pling points (N). It shows which recognizers are better than the others for each
pair of conditions (A, V). To respect the restriction on the recognition rate that
we have defined above, all recognizers in this figure comply with two criteria: 1)
the recognizer must achieve a recognition rate > 80%. 2) The recognition rate
must be the highest value among the conditions of (T). Globally, the position
of the recognizers varies a lot according to the defined conditions, and few rec-
ognizers keep a constant ranking by varying the number of joints or the number
of points (e.g., PennyPincher3D for N=16 and N=32). For N=4, we observe
that some recognizers do not appear, because of the first criterion defined, ex-
cept for 3Cent, which has at least a recognition rate that respects the criterion.
We notice that for several conditions, the $P3+4 recognizer takes the first place,
except for the condition where A =2 (P +1) and A = 2 (I + M) where $P? + X
is designated as the best recognizer. In contrast to $P3+, the PennyPincher3D
often achieves the lowest recognition rate and is ranked last.

Recognition Rate for the Optimal Conditions. To evaluate the efficiency
of the recognizers, we planned to test them in a precise scenario where the
conditions are well-defined. For this reason, we determine which values of the
variables JOINTS (A), SAMPLING (N), and NUMBER OF TEMPLATES (T) allow an
optimal comparison of the different recognizers in the recognition rate measure.
We completed a de Borda ranking of all combinations of conditions for each
recognizer, and the result is reported in Table 1. The de Borda ranking selects
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Table 1: Global position of the recognizers for each condition and overall,
according to de Borda method across all recognizers (the higher, the better).

Condition Recognizer (#Rank, Score)

A N T Overall $P°+ $F  PP3D Jackknife $P° + X 3Cent
2(T+10) 3216 #1, 1187 #1, 200 #1, 200 #2, 196 #1, 200 #1, 200 #2, 191
3 (P + I+M) 32 16 #2, 1180 #1, 200 #3, 184 #2, 196 #1, 200 #1, 200 #1, 200
2(P +1) 3216 #3, 1177 #1, 200 #2, 197 #2, 196 #2, 193 #1, 200 #2, 191
3 (P +1+M) 16 16 #4, 1175 #1, 200 #3, 184 #1, 200 #1, 200 #1, 200 #2, 191
2(I1+ M) 3216 #5, 1166 #2, 186 #1, 200 #2, 196 #2, 193 #1, 200 #2, 191
1(P) 64 16 #6, 1161 #2, 186 #2, 197 #3, 185 #2, 193 #1, 200 #1, 200
2 (T +1) 16 16 #7, 1158 #1, 200 #1, 200 #3, 185 #1, 200 #2, 182 #2, 191
5 (AF) 32 16 #8, 1157 #1, 200 #2, 197 #2, 196 #2, 193 #1,200 #3, 171
6 (P + AF) 3216 #9, 1153 #1, 200 #3, 184 #3, 185 #2, 193 #1, 200 #2, 191
3 (P +1

+ T) 32 16 #10, 1148 #1, 200 #2, 197 #3, 185 #2, 193 #2, 182 #2, 191

the best combination of conditions, the one with the highest overall Borda score.
This implies that the elected combination of values has a high recognition rate
with many recognizers. Furthermore, we notice that many conditions share the
same rank and score in the ranking for each recognizer. This situation is due to
a defined sensitivity value of 2% in the recognition rate. We determine the case
of a tie between the last ranked combination of conditions and the following
combination to be ranked on a specific recognizer, if the difference between
their recognition rates is less than the defined sensitivity value. According to
Table 1, the result of the Borda ranking gives this combination of conditions
(A=2(T+ 1)/ N=32/ T=16) as the best.

Based on de Borda’s results, we evaluate the recognizers on the SHREC2019
dataset under the elected conditions. The left part of Figure 10 in Appendix C.1
shows the average recognition rate for the defined conditions. According to
these results, the $P3+ has the best average recognition rate (M=97.00%,
SD=17.18%), followed by the $P3 + X (M=95.20%, SD=8.59%) and the $F
(M=94.20%, SD=9.55%), while PennyPincher3D is the least accurate recog-
nizer (M=87.80%, SD=13.30%), for the other two recognizers, the average rate
of Jackknife (M=93.2%, SD=10.34%) and 3Cent (M=90.80%,SD=13.16%).
As for the overall recognition rate on all conditions in part 4.1, we calculated
the four normality tests: K sample’s Anderson-Darling test, Shapiro-Wilk W
test, D’Agostino’s K2 test and Kolmogorov-Smirnov’s KS. None of the recog-
nition rates followed a normal distribution. Then, we calculated a Kruskal-
Wallis test with Dunn’s multiple comparisons. The high difference between the
recognizer $P3+ and PennyPincher3D (10%) is statistically highly significant
(Z=5.736, p<.001***). Same thing for $P3 + X that is significantly better than
PennyPincher3D (Z=4.420, p<.001***). Moreover, $P3+ is significantly more
accurate than 3Cent by 6.2% (Z=3.699, p<.01**). $F is superior by 6.4% to
PennyPincher3D with a highly significant difference (Z=3.788, p<.01**). How-
ever, $ P34+ is not significantly better than Jackknife (Z=2.581, n.s.), while this
later is significantly better than PennnyPincher3D (Z=3.156, p<.05*).



8 M. Ousmer et al.

In the same figure, the bar chart on the right shows the number of recognized
gestures per gesture class on 100 repetitions, noting that all recognizers achieve
a perfect score for at least one gesture class. Among the gesture classes in ques-
tion, there is the “Caret” (/\) for PennyPincher8D and 3Cent recognizers, and
also the “V-mark” (V) gesture class for $P2 + X, $F recognizers. While $P3+
achieves an accuracy rate of (133) for two gesture classes : the“V-mark” (V) and
the “Cross” (X). Although Jackknife achieves a flawless recognition for three
gesture classes: ‘Caret” (/\) , “Cross“(X) and ‘V-mark” (V), its recognition of
the “Circle“(O) gesture class is weak (;=%). This difficulty is also encountered

100
by PennyPincher3D for the same gesture class (%) as for 3Cent. However, the
latter achieves the best accuracy rate for the “Square“([]) gesture class (755)
which means that PennyPincher3D is well designed to recognize this gesture

class, especially when the other recognizers perform less well in recognizing it.

Overall Conditions Execution Time. In Figure 4a, the average execution
times of the different recognizers for all conditions varied between (M=0.047
ms, SD=0.060 ms) for the PennyPincher3D and (M=1.611 ms, SD=3.328 ms)
for the $P3+. The execution times do not follow a normal distribution. We
calculated a Kruskal-Wallis test which indicates a significant difference in the
execution times of the recognizers. After that, the Dunn’s multiple comparisons
test shows significant differences for all pairs of recognizers except between 3Cent
and $P%+ X. The PennyPincher8D (M=0.047ms, SD=0.060ms) is significantly
faster than other recognizers; It is significantly better than Jackknife (M=0.195
ms, SD=0.2457 ms) with a difference of 148us (Z=73.62, p<.001***), and out-
performs significantly the slowest recognizer $P3+ (Z=147.7, p<.001***).
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0.5+
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0.195
0.047 0.069

PennyPincher3D Jackknife  3Cent $F $P3x $P3+ PennyPincher3D Jackknife 3Cent $F $P3+X $P3+
Recognizers Recognizers

(a) Execution times for all conditions. (b) Exec. times for the optimal conditions.

Fig.4: Average execution times by recognizer. Error bars show a confidence
interval of 95%.

Overall Execution Time by Number of Joints. The graphs in Figure 5
shows the execution times according to the values of the variable JOINTS (A). The
smallest value in the graphic is the averaged execution time of PennyPincher3D
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for the condition A = 1(P) (M=0.017 ms, SD=0.020 ms), while the longest ex-
ecution time is achieved by $P3+ for A = 6 (P + AF) (M=3.204 ms, SD=5.936
ms). The PennyPincher3D is the fastest recognizer and is ahead of the Jack-
knife. According to the results, we distinguish two groups of recognizers with
regard to their execution times. The one formed by Jackknife (M=0.195 ms,
SD=0.246 ms) and PennyPincher3D, with a small slope, they are not much
affected by the variation in the number of articulations. The second group con-
sisting of 3Cent(M=1.130 ms, SD=0.683 ms), $F (M=1.170 ms, SD=3.328
ms), $P3 + X (M=1.298 ms, SD=2.731 ms) and $P3+ in order from fastest to
slowest recognizer; All the recognizers are significantly impacted by the variation
of Number of Joints (p<.001***).

3.204

Execution Time [ms]

0.279

T T ) T T T T 1
1(P) 2(P+1) 2(T+1) 2(1+M) 3P+1+T) 3(P+1+M) 5 (AF) 6 (P +AF)
Number of Joints (A)

4= gp3s - $F PennyPincher3D ¥ $P3+x 3Cent < Jackknife

Fig.5: Average execution times by recognizer per number of joints (A).

Ezxecution Time for the Best Condition. Figure 4b shows the execu-
tion time of the recognizers for the best condition defined by the de Borda
method. The recognizers appear in the same order as in the Figure 4a. Pen-
nyPincher3D remains the fastest (M=0.069 ms, SD=0.005 ms) and $P3+ the
slowest (M=2.371 ms, SD=0.213 ms). The Kruskal-Wallis shows significant dif-
ferences between all the recognizers except between the $P3+ and $P3 + X
(Z=1.910,n.s.).

4.2 Jackknife-LM Dataset

Overall Recognition Rate. The Jackknife-LM dataset has more gesture classes
than SHREC2019, mainly complex gestures where different joints can move in-
dependently of the hand movement. Figure 6a sums up the averaged recognition
results of each of the recognizers for all tests under all conditions. The results
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give an overview of the recognition with this dataset which are different from
the results obtained for the SHREC2019. In general, none of the recognizers
went beyond 80%. The Jackknife recognizer (M=73.60%, SD=19.75%) takes
the lead and outperforms significantly other recognizers, followed by the $P3+

(M=68.75%, SD=19.73%), which is slightly better than $P3 + X (M=68.15%,

SD=20.51%) by (0.60%). They are followed by 3Cent and $F with respect-
fully (M=63.66%, SD=18.29%) and (M=62.96%, SD=20.12%) which are sig-
nificantly better than PennyPincher3D the least efficient of the recognizers
(M=56.87%, SD=19.99%).
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Fig. 6: Recognition rates and execution times of all recognizers for the Jackknife-
LM for user independent scenario. Error bars show a confidence interval of 95%.

Three gesture classes ("FistCircles”, "Knock” and ”Sideways”) are well rec-

ognized for all the recognizers (i.e. 7>80% - Figure 6¢, bottom). An exception to
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this is PennyPincher3D where the "Knock” gesture has an average recognition
rate of (M=62,77%). However, the "Love”, "BendIndex”, ”DevilHorns”, and
”SnipSnip” have the worst average recognition rates for most recognizers (i.e.
7<60%), except for Jackknife, where the ”SnipSnip” and ”BendIndex” are above
70%. These results indicate that for many recognizers, many conditions perform
very well with gestures where the fingers remain static, regardless of hand move-
ments. Whereas the recognition rate drops for many conditions with gestures
that include finger movements. From the table in the Appendix C.3 which de-
tails the average recognition rates for the different conditions, the orange cells are
the predominant ones in the table for the majority of the recognizers, which ex-
press a low recognition rate for many conditions 7<80% (e.g. PennyPincher3D,
3Cent and $F). For PennyPincher3D, 3Cent, no single condition achieves a 90%
recognition rate. While for other recognizers, many conditions reach rates above
90% with A =5 (AF') and A = 6 (P + AF), which denotes the ability to handle
complex gestures under certain conditions.

Recognition Rates by Number of Joints. With respect to the average recog-
nition rates by articulation in Figure 7, the lowest recognition rate is M=39.78%
for $F in A = 1(P), whereas the top recognition rate is M=87.78% for $P3 + X
in A =6 (P + AF). The Jackknife is above other recognizers for the conditions
with a reduced number of articulations (A<3), then it is joined by $P3+ and
$P3 + X at A =5 (AF). The average recognition rate increases as the number
of joints increases for all of the recognizers, except for some particular cases, as
for 3Cent, PennyPincher3D and $P3+ whose rate drops between A = 5 (AF)
and A = 6 (P + AF) (e.g. a drop of 2.6% for 3Cent). However, $P3 + X,
$P3+, $F recognition rates under conditions with the same number of joints
vary depending on how the joints are configured (e.g., A=2(P+1), A=2(T + 1),
A=2(I + M)). Therefore, some joints are more relevant than others since they
carry more information about gestures.

Overall Conditions Execution Time. Figure 6b shows the values of the
average execution times for all conditions, which indicates the execution time
for the various recognizers. There is a big difference between the execution
time of PennyPincher3D (M=0.079 ms,SD=0.108 ms) and 3Cent (M=10.585
ms,SD=5.911 ms). The execution time includes the pre-processing time of the
gesture and the recognition time. For 3Cent, the excessive execution time is
caused by the resampling function based on the Cubic Spline interpolation
method. The execution times of the other recognizers are close to one another,
$P3+ (M=2.587 ms, SD=4.371 ms), $F (M=2.097 ms, SD=4.184 ms) and
$P3 + X (M=2.107 ms, SD=4.371 ms) and there is no significant difference
between the latter two (Z=1.772,n.s.). Jackknife, which has the highest recog-
nition rate, is also a fast recognizer (M'=0.351 ms,SD=0.508 ms). Thus, it makes
it well suited to this dataset.
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Number of Joints (A)
4 $p3+ - $F PennyPincher3D * $P3+X 3Cent < Jackknife

Fig. 7: Recognition rates of all recognizers for the Jackknife-LM dataset [25],
the plot shows average rates by joint A = {1 (P),...,6 (P + AF)}.

5 Conclusion

The objective of this comparative study on LMC-based gestures is to fill a gap
in the literature. For this reason, we evaluated in a user-independent scenario six
gesture recognizers on two LMC-Based datasets composed of simple and com-
plex gestures (i.e. SHREC2019 and Jackknife-LM). Overall, for the SHREC2019,
$P3+ achieved the best recognition rate and is significantly better than the other
recognizers and it was confirmed under particular optimal conditions, while $F
is the worst for this dataset. We also noticed that some recognizers are more
adapted to recognize certain gestures than others. For the Jackknife-LM dataset,
the Jackknife recognizer achieves overall good recognition rates under certain
conditions but does not satisfy the high accuracy property for many other con-
ditions. We have seen that many recognizers are affected by the nature of the
gesture performed. Furthermore, some recognizers are slow to process long ges-
tures, making them less attractive. This procedure is a good contribution to
designers who wish to choose a reliable and efficient recognizer, and thus guide
them to meet their needs. The limitation of this study is that it only includes one
type of gesture recognition algorithm based on the template matching technique.
A solution to be implemented in the future would be to extend the tests with
new machine learning algorithms and new gestures related to specific application
fields by including more datasets.
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A The New Recognizers Considered in the Experiment

A.1 $P3+X Recognizer

A variant of $P34 [27] that takes into account the direction-invariance by track-
ing conflicting templates (i.e., templates of the same gesture but performed in
different directions). If a gesture matches with a conflicting template, its direc-
tion is compared with the direction of each conflicting template, and the nearest
one is chosen.

A.2 PennyPincher3D Recognizer

PennyPincher3D is an adaptation of the 2D recognizer PennyPincher [24]. The
gestures are represented as a set of N — 1 vectors linking between N equidis-
tant points. The recognizer matches the candidate gesture with the template
that maximizes a dissimilarity score, computed as the sum of the angles be-
tween the vectors. The computation relies on basic mathematical operations
such as additions and multiplications. The gestures require just a resampling as
prepossessing. This recognizer is scale- and position- invariant as most of the
$-recognizers.

B The Datasets Considered in the Experiment

B.1 SHREC2019 [9]

The SHREC2019 dataset [9] contains a sequence of 3D points and quaternions
for each hand’s joint designating one of five gesture classes (Figure 8): “Cross”
(X), “Circle” (O), “V-mark” (V), “Caret” (/\), and “Square” ([])). It served in
(SHREC) track, a contest on online gesture recognition to detect command ges-
tures from hands’ movements in a virtual reality context. The proposed dataset
consists of 195 3D movements performed by 13 participants with the whole hand.
The dataset contains unsegmented gestures. The training set and the testing set
were merged to create a unique dataset in which, unnecessary hand movements
were removed from the gestures.

o O NN L4

Cross "X" Circle"O" V-mark"V"  Caret "A" Square "[]"

Fig. 8: The SHREC2019 gesture classes.
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B.2 Jackknife-LM [25]

The Jackknife-LM (Jackknife-LeapMotion) dataset [25] contains 3D com-
plex gestures of the hand and saved as 3D skeleton which is provided by the Leap-
Motion. We used the segmented gestures composed by 360 samples of 9 different
gesture classes for example ”Fist Circles”, ”Snip Snip”, ”Explode” (Figure 9). It
was used to test a rejection approach of non-gesture sequences from a contin-
uous data stream. While segmented gestures make up the training set, authors

employ unsegmented sessions of samples in the test[25].

Bend Index Devil Horns Explode Fist Circles Index Circles
v l‘ P
X3 i
‘o
Knock Love Sideways Snip Snip

Fig.9: The Jackknife-LM gesture classes [25].

C Recognition Rates

C.1 Recognition Rate for best condition for the SHREC2019

oottt | 3Cent | ppenmyncherio_y

100 100

501

94.2 90.8 87.8
T

T
$p3.  spdx  SF  Jackknile 3Cent PennyPincherD

Recognition rate [%]
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Fig. 10: Recognition rate (left) and the number of recognized gestures per class
over 100 trials (right) of all recognizers for user independent scenario, for the
optimal conditions defined by the de Borda ranking: A=2 (T + I), N=32,
T'=16. Error bars show a confidence interval of 95%.
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C.2 Recognition Rates Tables for the SHREC2019
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C.3 Recognition Rates Tables for the Jackknife-LM
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C.4 The ranking of the recognizers based on the best individual

rates by articulation for SHREC2019
Ranking

6
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¥
¥
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'
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t

V 1

4 8 16 32 64

4 P+ $F PennyPincher3D R Y 3Cent < Jackknife

Fig. 11: Ranking of the best individual recognition rates above 80% by the
number of joints (A) and the number of points (N) for the SHREC2019 dataset.
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